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Abstract
Airbnb’s distinctive model accommodates a broad spectrum of hosts, ranging from 
non-professionals to traditional establishments, resulting in a nuanced pricing sys-
tem that poses challenges for prediction. This paper delves into Airbnb pricing and, 
to address this exercise, introduces computational approaches that combine tradi-
tional linear methods and advanced artificial intelligence techniques. Utilizing real 
data from the Netherlands, the study specifically focuses on all active Airbnb list-
ings until September 2019. Our contribution stands out by incorporating the finan-
cial history of diverse rental offerings, a novel aspect compared to existing litera-
ture. Unlike other studies, our investigation spans various cities in the Netherlands, 
providing a comprehensive view beyond individual regions. Our results highlight 
the robust predictive capabilities of Artificial Intelligence techniques, that lead to 
lower susceptibility to overfitting and to superior overall performances. However, 
traditional methods also prove to be valuable, aiding in determining the significance 
of predictors in the predicting exercise. Collectively, these approaches offer valuable 
insights to enhance pricing strategies and overall performances within the Airbnb 
market.
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1  Introduction

The hospitality platform Airbnb has been founded in 2008 and experienced an 
exponential growth ever since (Quattrone et  al. 2018): 2.9 million people acted 
as hosts on Airbnb worldwide in 2022, and nearly one billion guests have been 
hosted since the community’s creation, even though many scholars (and practi-
tioners) expressed some criticism at the earlier phase of the platform develop-
ment, due to some limitations intrinsic to peer-to-peer experiences (Grant 2013). 
The Airbnb platform is based on a two-sided market model, that serves as com-
munication mean between accommodation-seeking tourists (guests) and accom-
modation-provider users (hosts) (Oskam 2019): these latter actors are partitioned 
into non-professional (i.e., actors for which renting the property represents a 
supplementary income and not a recurring business activity (Wegmann and Jiao 
2017; Dolnicar 2019) and professional hosts (e.g., guesthouses, hostels, and bed 
and breakfasts (Oskam 2019; Mermet 2019)) that uses their real estate only for 
rental.

As for the real estates listed on the platform, different types of properties (list-
ings) are shown on the community’s website: single rooms, single houses, mul-
tiple rooms, and multiple houses (Adamiak 2022), partitioned into over 60 cat-
egories (as stated on Airbnb website, accessed on November 2023), defined to 
improve the guests’ experiences, driven to use Airbnb due to some specific fea-
tures (e.g., low costs, property qualities, novelty search, and authenticity (Gunter 
and Önder 2018; Guttentag et al. 2018)). As for the geographic factor, generally 
the distribution of accommodations in the online platform reflects the distribu-
tion of tourism demand and the traditional accommodation capacity (Adamiak 
2022): Airbnb tends to be more prevalent in large cities (mostly experiencing sin-
gle rooms) and leisure tourist destinations (mostly experiencing whole houses).

Due to its tremendous growth over the years, Airbnb has had disruptive effects 
in the hospitality industry, and has greatly affected the performance of real estate 
markets (Adamiak 2018). Furthermore, the Airbnb pricing processes may have 
a negative impact on the society, since the rented property would not be avail-
able for long-time renting, which is normally associated to the resident popula-
tion, and would trigger an increase on the rental prices of a given city; on top 
of it, prices offered by Airbnb hosts are generally lower than the one offered by 
hotels operating in the same location, motivating owners to upload their proper-
ties on the platform and leading, again, to a negative impact on the rental market 
(Bernardi 2018; Guttentag 2015; Ball et al. 2014), and to increased probabilities 
of gentrification (Smith and Thorpe 2020) and segregation (Schelling 1969). In 
this framework, the need of determining the price of a listed real estate is a suc-
cess key of the platform (Hung 2010), for both hosts (Rezazadeh et al. 2021) and 
guests (Zhang et al. 2017).

According to the platform developer (Hill 2015), the platform pricing exercise 
is performed by a machine learning based classifier conceived in 2012, aimed to 
classify whether a listing will get booked or not, and dynamically determines the 
daily prices based on changing market conditions and characteristics of listings. 
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Differently to other platforms such Uber and Lyft, the Airbnb pricing tool allows 
the users to decide whether they want to accept the proposed price, or to use their 
own pricing estimates: this leads to an increased complexity of a tentative pric-
ing modelling exercise, that has to consider the market’s characteristics and the 
specific hosts’ management skills. Anyhow, it has been shown that the platform’s 
pricing is not efficient, and leads to a revenue loss of roughly 46% (Gibbs 2018b), 
and this could be due to the challenges that sharing economy encounters when 
faced to the theory of profit maximization goals (McAfee and Te Velde 2006): 
traditional hospitality actors’ pricing strategies depend on the need to generate 
profit based on accurate business information. Airbnb instead, pools together 
(also) hosts that are not professional actors, whose pricing could also be moti-
vated by social reasons (Lampinen and Cheshire 2016), and that, unlike hotels, 
arbitrarily make their facilities unavailable in arbitrarily chosen dates, in which 
they do not want paying visitors, and in which any pricing exercise would make 
no sense (Dudás et al. 2017). In a nutshell, as reported by Gibbs (2018b), “Airbnb 
represents a new business model with non-professional management, instability 
regarding supply and potentially very inconsistent pricing”, and starting from 
this consideration, our contribution aims to introduce an exercise of computa-
tional price modeling for the management of tourist rentals on Airbnb, based on 
both traditional (i.e. linear methods and generalized linear models) and artificial 
intelligence-based techniques, relying on predictors that are retrieved collecting 
and pre-processing available data on the Internet; we aim at assessing the sig-
nificance of each predictor (i.e., by using linear regression and generalized linear 
models), along with using more black-box based methods (i.e., neural networks 
and random forests), whose pricing performances should be better, but that do 
not provide any tips about the predictors’ significance, unless coupled with other 
techniques that are out of the scope of our contribution. Moreover, we combine 
the linear regression model with random forests and neural networks in an ensem-
ble model, in order to gauge possible gains in terms of prediction accuracy. The 
predictors are combined in a voting ensemble, i.e. by averaging the individual 
predictions of models to form a final assessment. No accuracy gains are observed, 
suggesting that baseline linear predictors do not provide a valuable contribution, 
and that nonlinear models have a clear and unambiguous edge over linear ones.

In the selection of methodologies, we conducted preliminary experiments involv-
ing various models and data-driven approaches. Our emphasis was on interpreta-
ble methods, considering both model-driven and fully data-driven approaches. The 
objective was to compare these two types of methodologies, assess potential diver-
gences, and evaluate the contribution of individual features.

Since the main drivers of the use of Airbnb are the listing price and its features 
(Sthapit and Jiménez-Barreto 2019; Guttentag et al. 2018), we want to understand 
whether there is a relation between these two components, and that’s why we resort 
to traditional linear approaches: this will also provide evidence against the afore-
mentioned assumption stating that Airbnb price is determined in a non-professional 
way, hence hindering prediction exercises. Furthermore, since the price can depend 
on spatial attributes, we have performed an analysis over different cities, in order to 
assess whether our findings can be generalized with regards to different geographical 
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locations. We point out that this additional test is aimed at evaluating different mod-
els for each municipality, avoiding comparisons across cities, since the sample 
sizes can differ significantly. Please notice that we are introducing some variables 
that represent the listing’s (and host’s) historic performances, and this is important 
because most literature does not consider the financial history of the listing, but, as it 
will be seen in what follows, they have a good significance in the introduced models. 
Please also notice that there is wide research on how spatial patterns impact the pric-
ing exercise, especially with respect to the difference amongst neighborhoods and 
cities. So far, the outcome of this research is still contradictory (Sainaghi and Bag-
gio 2020; Xu et al. 2019), and there is still lack of a significant amount of research 
over localities in Europe: that’s why we have decided to apply our pricing methods, 
along with the whole country, to sets of data composed of listings belonging to sin-
gle cities, in order to see whether any prediction differences arise, and also because 
pricing has a signaling effect towards the potential guests (Yao et al. 2019) and rep-
resent a proxy to assess the listing performances (Sainaghi and Baggio 2020). For 
all the aforementioned reasons, a pricing exercise is important for both tentative host 
and guest, along with policy makers, civil society, related industry, and academics.

Our paper is organized as follows: Sect. 2 discusses about the determinants of the 
Airbnb prices; Sect. 3 outlines the related literature about Airbnb listings’ pricing. 
Section 4 introduces our computational approach and Sect. 5 discusses its results, 
before concluding and proposing further extensions in Sect. 6.

2 � The determinants of Airbnb pricing

Numerous research contributions have attempted to unravel the complexities of 
Airbnb pricing, each employing distinct variables as predictors. In this section, we 
delineate the variables proposed in the relevant literature, accompanied by suggested 
guidelines for their partition.

Understanding the determinants of prices on Airbnb is pivotal, given specific 
characteristics of the platform, including: the small size of accommodation provid-
ers and their (often) not professionally trained pricing behaviors (Stabrowski 2017; 
Chen and Xie 2017); the flexibility of hosts to choose the rental price and period, 
without having to comply with service offering obligations (Sainaghi 2020); the 
influence of reviews left in the online platform, which is higher than the one expe-
rienced in the hospitality industry (Fu et al. 2021). Research on the topic reveal that 
Airbnb hosts do not apply dynamic (or aggressive) pricing strategies (Gibbs et al. 
2018b),and that their risk-assessment procedures are highly influenced by commu-
nication, reputation, and trust (Sthapit and Jiménez-Barreto 2019). In this direction, 
a special attention has been paid to understanding what features have an impact on 
the price related to the specific listing, with special emphasis on trust-related aspects 
(e.g., the customers’ references): several studies have reported that good reputation 
leads to an increase of product sales (Chevalier and Mayzlin 2006), but this could 
not be the case of Airbnb, in which the sellers (hosts) can sell only a given quantity 
of scarce resources (i.e., an apartment can at most be rented out 365 nights per year): 
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in this case, an increase in requests due to high reputation can only lead to higher 
prices (Gutt and Herrmann 2015).

Several studies delve into the factors shaping Airbnb prices (see Table 1 for an 
overview of the main variables used for Airbnb pricing in related literature), and 
their conclusions directly align with research on the broader hospitality industry 
(Chen and Xie 2017), integrating considerations of the Airbnb digital features (Wang 
and Nicolau 2017). These analyses assess a comprehensive array of features, with a 
consensus emerging on the most impactful determinants. Studies, such as (Gibbs 
and al. 2018a), outline that room properties, listing position, and host specifics wield 
significant influence over listing prices. Additionally, Li et al (2016) identifies other 
critical factors, including distance from points of interest and city landmarks. The 
study by Zhang et  al. (2017) introduces platform-based features, encompassing 
the number of reviews, rating, and listing age, while incorporating two geographi-
cal variables: distance to the city center and the nearest highway. Notably, it reveals 
a negative correlation between distance to the city center and price and explores 
the multifaceted effects of proximity to the nearest highway. Lawani et  al. (2019) 
emphasizes the limited impact of neighborhood features, such as distance to the city 
center, train station, or violent crime areas, underscoring the importance of reviews 
and room qualities. Location of listings was also considered by Xu et al. (2019) as 
a determinant of Airbnb prices. Certain characteristics of the neighborhood where 
the accommodation is located (such as water, presence of vegetation, art and human 
landscape, travel and transportation, universities, and nightlife) emerged as impor-
tant factors influencing Airbnb prices. Finally, regarding the location of listings, 
according to Zhang et al. (2017) Airbnb prices are influenced by the proximity of 
accommodations to certain points of interest. Other works investigate the effect of 
seasonality (Deboosere et al. 2019; Quattrone et al. 2018), in relation to the loca-
tion of listings, including the characteristics of the neighborhood and the available 
services.

Different groups of variables are used to describe the different features of a prop-
erty, such as physical characteristic, accessibility, socioeconomic attributes, and 
environment-related issues (Johnson 2003; Čeh et al. 2018; Anselin 1988). Accord-
ing to (Sainaghi 2021), six blocks of variables can be identified in order of inten-
sity of influence on Airbnb’s prices: listing variables, guest characteristics, loca-
tion, guest reviews, destination characteristics, and external comparison. Alternative 
approaches to categorizing Airbnb price determinants were investigated by (Wang 
and Nicolau 2017). Within these classifications, the factors that exert the most 
significant influence on prices include host attributes, site and property attributes, 
amenities and services, rental rules, and online review ratings.

According to Perez-Sanchez et  al. (2018) daily listing prices are influenced by 
several factors, including accommodation attributes, listing and host characteristics, 
tourism-related environmental characteristics, and listing location. All these fac-
tors can be summarized in three spheres of concern: physical characteristics, fac-
tors influencing users’ perceptions, and location. Quattrone et  al. (2018) reviewed 
the use and importance of both geographic and non-geographic variables used in 
the specific case of Airbnb price prediction, partitioning the observed variables 
into platform-specific variables (i.e., number of Airbnb listing in a given area), 
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location-related variables (i.e., distance to center, points of interest and public trans-
ports nearby, presence of hotel and population density), social variables (i.e., race 
diversity index, income diversity index, proportion of people employed in the art 
sector, talent index and presence of young people), and economic variables (unem-
ployment rate, poverty and income metrics, median value of an household in the 
area, and proportions of dwellings that are occupied by its owners).

In order to study the determinants that influence the price of Airbnb accommo-
dations, Perez-Sanchez et  al. (2018) used a multivariable analysis technique. The 
variables were then analyzed by adopting both ordinary least squares and quantile 
regression methods. In addition, Teubner et  al. (2017) has investigated the deter-
minants of Airbnb listing prices, considering factors such as average rating score, 
number of ratings, Superhost status, identity verification, photos, and membership 
length. Through analysis employing a hedonic price regression model, Teubner et al. 
(2017) asserts that the host’s rating score, the duration of the host’s membership on 
the platform, and the number of photographs of the accommodation are the most 
influential variables affecting Airbnb accommodation prices.

It is important to note that the literature has considered other variables as well, 
including rental capacity, breakfast availability, pool access, Internet/television, 
washer/dryer facilities, kitchen amenities, and distance from the coast. However, 
providing a comprehensive overview of all variables used in the related literature 
goes beyond the scope of our contribution. Interested readers are directed to stud-
ies by Quattrone et al. (2018), Xu et al. (2019) and Wang and Nicolau (2017). It’s 
also essential to acknowledge that while the concept of the sharing economy is not 
new (Albors et al. 2008; Sundararajan 2017), the introduction of large-scale mediat-
ing technologies has propelled the commercial success of internet-based platforms 
(Zervas et al. 2017). This has garnered attention from academics and policymakers, 
often relying on the assumption that their focus on sharing technologies differenti-
ates them from traditional markets (Hamari et al. 2016). Airbnb is frequently cited 
as an exemplar of this new paradigm (Mikhalkina and Cabantous 2015; Sutherland 
and Jarrahi 2018), leading to numerous contributions exploring the emergence of 
new online discriminants capturing customer experiences, such as the presence of 
online pictures (Fagerstrøm et al. 2017) or behaviors stemming from racial discrimi-
nation (Schor and Attwood‐Charles 2017).

Importantly, most literature does not delve into the financial history of the list-
ings, despite being a crucial aspect in reflecting key issues such as hosts’ attitudes 
towards managing their rental offers and achieving their results of revenue (Karlsson 
& Dolnicar 2016; Visser et al. 2017). In our contribution, however, we introduce the 
revenues from the last twelve months (referred to as LTM), along with other attrib-
utes not yet widely available in the literature. These attributes also convey the hosts’ 
commitment to constantly improving their real estate business (Rubino & Coscia 
2018), such as the number of bookings (Van der Borg et al. 2017), the days avail-
able on the agenda, and the number of days blocked (Deboosere et al. 2019; Gunter 
& Önder 2018; AirDNA LLC, 2018). Various partitioning approaches have been 
proposed in the literature, such as (Perez-Sanchez et al. 2018), introducing accom-
modation characteristics, host features, and environmental characteristics, or (Teub-
ner et al. 2017), which categorizes variables into internal and external (see Sainaghi 
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(2021) for more detais). Furthermore, different approaches have focused on defining 
the relationships between prices and aspects related to the specific characteristics of 
the economy of a given territory, especially in determining the effect of Airbnb on 
specific regions or municipalities. In this study, we experiment with price predic-
tion exercises that include a plurality of cities as well as the entire country (i.e., the 
Netherlands).

3 � Methods for Airbnb pricing

A common research goal in the related literature is to investigate the direct (or indi-
rect) contribution of the variables reported in the previous section on Airbnb prices. 
To this extent, it has been shown that variables associated to the listings’ size are the 
most apt to explain the price variance (Cai et al. 2019b; Ert et al. 2016).

Early Airbnb pricing models draw inspiration from existing approaches in real-
estate pricing literature. linear models (Li et  al. 2016), for instance, have enjoyed 
widespread use, with many contributions employing ordinary least squares (OLS) 
linear regression (Čeh et al. 2018). These models are often compared to Multi-Scale 
Affinity Propagation (Zhang et al. 2017; Lawani et al. 2019) and Hedonic pricing 
models, that operate under the assumption that an object’s price is constructed by 
its features, allowing the regression of a listing’s price on its features to evaluate the 
contribution of each feature to the overall price (Čeh et al. 2018). Major empirical 
issues, inherent limitations, and advantages of these models are discussed by (Chau 
and Chin 2003), shedding light on their applications to the housing market: they pro-
vide an annotated bibliography delving into the effects of locational, structural, and 
neighborhood-related housing attributes. Intriguingly, they identify the attributes 
used in the estimation of hedonic price models and their varying effects on housing 
prices, contingent on the market.

Many Airbnb pricing studies rely on extensive datasets of listings and hedonic 
(linear) regression models (Guttentag 2019; Tang et  al. 2019), and they show 
a drawback in the assumption of linearity, which is not guaranteed to hold in the 
Airbnb scenario (Chattopadhyay and Mitra 2019; Chumney and Simpson 2006); 
furthermore, multicollinearity poses challenges for large-scale application (Limsom-
bunchao 2004). These considerations have prompted a shift toward more sophisti-
cated methods that eschew model assumptions.

Machine learning (Rezazadeh et al. 2021; Park and Bae 2015), text mining (Tang 
and Sangani 2015), fuzzy methods (Andria et al. 2021), and other approaches aimed 
at addressing the Revenue Management problem (i.e., predicting pricing to maxi-
mize profits in a scenario of scarce resources (Dana 2008)) have gained attraction, 
as well as similar investigations in the hospitality market concerning hotel booking 
prices (Harewood 2006).

Neural networks have been utilized by Rezazadeh et  al. (2021) in compari-
son to linear regression and other intelligent techniques. Additionally, Luo et  al. 
(2019) employed neural networks, comparing them to a supervised learning algo-
rithm that implements the gradient boosted trees algorithm (XGBoost, also utilized 
by Cai et al. 2019a, Kokasih and Paramita 2020), Random Forest, as well as linear 
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and unweighted K-nearest neighbor. Comparative works have also explored linear/
hedonic models in contrast to artificial intelligence-based approaches, as seen in the 
work of Park and Bae (2015).

4 � Methodology

In this section, we briefly review the basics of linear and non-linear models for pre-
diction. In this contribution, the main idea is to characterize the problem of Airbnb 
pricing in a novel way, based on well-known machine learning algorithms, which 
implement purely data-driven approaches, and compare this with models that 
assume models underlying data. In this latter case, we want to evaluate how different 
model assumptions would affect the predictive performance, e.g., non-linearity in 
the relationship might imply a substantially lower performance of the baseline lin-
ear regression relative to other models. In this framework, heteroskedasticity can be 
managed through Generalized Linear Models (GLMs), whereas Decision Tree can 
provide a minimal benchmark for non-linear models. Finally, random forests consti-
tute our baseline ensemble model: compared to Decision Tree, this algorithm should 
better handle large datasets and provide robustness to noise. Similarly, we also want 
to understand whether a complex and highly parameterized model, such as the arti-
ficial neural network, can add value to our forecasting exercise. Further extensions 
to more recent algorithms go beyond the scope of this paper and are left for future 
work. The section is organized as follows. In Sect. 4.1 we focus on the family of lin-
ear models, then in Sect. 4.2 we describe decision trees and random forests; finally, 
in Sect. 4.3 we discuss artificial neural networks, along with a brief description of 
the procedure used for training.

4.1 � Linear regression and generalized linear models

Linear regression models are widely used in many research areas, due to their 
ease of use and generality: their aim is to explain a response variable by means of 
a linear relationship amongst a set of predictors, also considering a normally dis-
tributed error term, and their application to Airbnb pricing have been discussed in 
Sect. 3. When using linear regression, there is no limit to the value attained by the 
response variable, and this could lead to drawbacks when the range of the response 
is restricted: in these cases the relationship between the response variable and the 
predictors is not necessarily a simple linear form, hence one has to resort to a dif-
ferent (and more general) model. GLM rely on a linear relationship amongst the 
predictors, but they assume that the distribution of the response variable is non-nor-
mal; furthermore, the relation between the mean of the response variable and the 
linear combination of predictors is defined by using a suitable link function (usually 
employing a logit, probit or inverse function). In this way, it is possible to model the 
response using one of the various probability distributions pertaining to the expo-
nential family GLMs represent nowadays a well-known tool for statistical analysis: 
we have tested several GLMs in order to determine which one is the most suitable 
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for the problem at hand, and in what follows we report the outcomes obtained by 
the Gamma model with the Gamma variance function and the inverse link function, 
which is well-suited when dealing with strictly positive continuously distributed 
data (which is our case over many variables) and are easier to interpret.

4.2 � Decision trees and random forests

Decision trees are machine learning algorithms that use predefined criteria to recur-
sively partition the set of data into two groups, until a stop condition is met. They 
have been used for both prediction and classification tasks, and both applications are 
based on splitting an internal tree node, relying on a subset of predictor variables 
which is selected depending on predetermined splitting criteria (e.g., entropy).

Decision trees show the drawback of being sensitive to overfitting, hence some 
guidelines have been introduced to overcome this phenomenon: one of those con-
sist on (recursively) considering only a subset of the observations and build many 
individual trees: this is the base mechanism of Random Forests, which are machine-
learning algorithm for prediction based on a combination of tree predictors, in which 
each tree is built based on the values of a random vector, which is generated by 
using the same distribution for all trees: they have shown good generalization errors, 
that depends on the individual trees fitness, but also on their correlation.

Random forests overcome the limitations of decision trees: they consist of sev-
eral decisions trees and use binary splits to predict the model’s output: they use ran-
dom training datasets, and random predictors to predict the output, and they gener-
ally show higher accuracy than decision trees, also being apt to handle missing and 
incomplete data, without many shortcomings about the data type.

In our approach, we resorted to REVAC (Montero et al. 2014), which is an Esti-
mation of Distribution Algorithm that implements some concepts stemming from 
information theory to measure parameter relevance, via considering the parameters’ 
value distributions over the parameter space, and assigns high probabilities to values 
that lead to a good compromise between the algorithm’s performance and Shannon 
entropy (i.e., its complexity): the algorithm creates a uniform distribution over the 
parameters space, which is iteratively smoothed via an evolutionary process whose 
individuals correspond to parameter vectors, and whose fitness is evaluated by their 
expected performance.

4.3 � Artificial neural networks

Artificial Neural Networks (ANN) are high-level computational tools inspired to 
the behavior of the brain, of which they represent a simplification: they are com-
posed of elementary units (i.e., neuron, to whom a numerical value is associated) 
and weighted oriented hedges that connect them (i.e., the synapses, whose value is 
modified over time by the learning algorithm): these weights are subject to learning 
that may occur in different ways (reinforcement, supervised, and non-supervised). 
Decision trees, Random forests, and Neural Networks need a training phase, in 
which the learning phase is performed: this is generally performed on a specific set 
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of data, referred to as training set, while the algorithm is normally tested (or the 
learning is evaluated) on a different set of data, referred to as test set. In our experi-
ments, we employed feed-forward networks with Backpropagation momentum, uti-
lizing REVAC to determine the learning and momentum rates. For establishing the 
network topology, we adopted the adaptive procedure developed by Corazza et al. 
(2021). This procedure starts with a network consisting of one neuron in the hidden 
layer and progressively adds neurons to the hidden layer until no improvement is 
observed over a user-defined number of iterations on the test set, aiming to minimize 
the calculated error.

5 � Our computational approach

The objective of this article is to propose a computational approach for predicting 
prices based on listings-based data. In pursuit of this goal, we compare various tools, 
including linear models, generalized linear models, decision trees, random forests, 
and neural networks. From an operational point of view, experiments have been run 
on a laptop equipped with 16 GB RAM and an Intel Core Intel 2.80 GHz CPU, and 
in what follows, Sect. 5.1 presents the available data, which will undergo significant 
pre-processing operations useful for subsequent analyses. In Sect. 5.2.1, we intro-
duce the computational tools covering linear regression and generalized linear mod-
els. In Sect. 5.2.2, we delve into decision trees. random forests and neural networks.

5.1 � Our data

We have used data about all Airbnb listings in the Netherlands operating on Sum-
mer 2019. Data have been provided to us by a commercial service that uses web 
scraping techniques to collect Airbnb usage information from the Airbnb website 
daily (named AirDNA), and consists of features of 142,851 listings. The scrap-
ing procedure explores two levels in the page tree whose root is given by the 
single listing’s page, and the resulting set of data includes all active Airbnb and 
HomeAway listings in the Netherlands as of September 2019, presenting com-
prehensive details such as geographic locations, performance statistics, including 
average prices, number of bookings and review counts. Additionally, the data-
set provides information on Airbnb’s monthly activity, including start date, up to 
2013. We dispose of data about all features reported in Table 2, that also reports 
the main statistics about data that will be used as predictors in our approach. 
Numbers have been truncated after two decimal digits. In this study, data were 
not winsorized, since (i) no especially anomalous values were found in a prelimi-
nary outlier detection analysis based on z-scores, and (ii) no particular valid jus-
tification was found for removing observations. Once the data is grouped by city 
and lines with missing entries are removed, extreme values exceed three standard 
deviations away from the mean -a standard practice in outlier detection analy-
sis for detecting 99% of normally distributed data- in less than 10% of the cities 
included in the sample. As suggested by Sainaghi & Baggio (2020), the Average 
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Daily Rate will be used as the dependent variable of our predicting exercise, and 
we have used it as measured in USD. For our exercise, we have only used predic-
tors directly coming from the Airbnb listing, without any knowledge coming from 
the environment, e.g., the number of hotels and/or supermarkets in the neighbor-
hood, the distance from city-center, the population density of the neighborhood, 
just to name the most used. As we have already pointed out in Sect.  2, we are 
introducing some variables that represent the listing’s (and host’s) historic perfor-
mances: the last twelve months (referred to as LTM) revenue, the occupancy rate, 
the number of bookings, the count of reservations, of the available days on the 
agenda, and the number of blocked days: this is important because most literature 
does not take into account the financial history of the listing. Furthermore, we 
have not used any categorical variables to avoid conversion problems, nor made 
any assumption about competition (Chen and Xie 2017) and related measures and 
thresholds (Cai et al. 2019a).

Observing statistical features of the different geographical locations leads to 
interesting preliminary considerations: not surprisingly, the city of Amsterdam 
hosts the listings with the highest occupancy rate and annual revenue, but also the 

Table 2   Main statistics of Airbnb listings’ features from the whole set of data, used as predictors in the 
models proposed in what follows

Variable name Mean SD Min Max

Annual revenue LTM (USD) 7060.45 15,346.97 0 507,683
Occupancy rate LTM 0.33 0.37907 0 22
Number of bookings LTM 11.42 21.73 0 230
Number of reviews 12.97 30.41 0 733
Bedrooms 1.63 1.22 0 40
Bathrooms 1.139159 0.66 0 40
Max guests 3.44 2.38 0 98
Response rate 72.46 41.11 0 100
Security deposit (USD) 110.12 294.90 0 11,338
Cleaning fee (USD) 26.28 35.97 0 1274
Extra people Fee (USD) 8.38 19.23 0 346
Minimum stay 3.26 16.71 0 3999
Count reservation days LTM 47.11 73.41 0 365
Count available days LTM 26.70 46.80 0 325
Count blocked days LTM 16.21 27.63 0 254
Number of photos 14.77 10.73 0 201
Overall rating 5.53 4.57 0 10
Airbnb Communication rating 5.79 4.78 0 10
Airbnb accuracy rating 5.68 4.72 0 10
Airbnb cleanliness rating 5.56 4.62 0 10
Airbnb checking rating 5.78 4.78 0 10
Airbnb location rating 5.46 4.54 0 10
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ones with the lowest occupancy rate and annual revenue, which is a sign of the 
great diversification of the Airbnb offer in that city (59,099 listings). The capi-
tal city also features the listing with maximum (and minimum) values of clean-
ing fee, number of review extra people fee, and number of photos. Interestingly 
instead, the highest average daily rate is found in the city of Rotterdam, and the 
minimum in Den Haag: this latter city also features the listing with the highest 
number of bookings over the year. It is also worthwhile to mention the city of 
Eindhoven, which features the listings with the maximum allowed number of 
guests, minimum reported stay, and available days over year. High number of res-
ervations are also found in the city of Castricum (seaside town in North Holland, 
attractive for the beach and nearby dune landscape), and high reservation days 
(over one year) are in the city of Bergen, whose beaches and forests make it a 
popular destination for tourists; high occupancy rate is shown by the city of Arn-
hem, probably due to its closeness to the German frontier. Anyhow, we can state 
that the presence of Airbnb in the Netherlands is quite widespread and found its 
application also in smaller and less touristic attractive locations.

5.2 � Computational results

In this section, we present the main results of our experiments, along with a discus-
sion of the relationship between the distinctive characteristics of the models and the 
very nature of the problem at hand. In the following, we take care in particular of 
model assumptions and the added value brought by the inclusion of the financial his-
tory into the predictive model.

5.2.1 � Linear regression and generalized linear models

As a first experiment, we have implemented a standard linear regression and a GLM 
approach, by using the Average Daily Rate as dependent variable, and all variables 
outlined in Table  2 as regressors. Please notice that, to avoid collinearity related 
issues, we have decided to not use variable Overall Rating, that is often a combina-
tion of variables Airbnb Communication Rating, Airbnb Accuracy Rating, Airbnb 
Cleanliness Rating, Airbnb Check-in Rating, and Airbnb Location Rating.

Preliminary experiments have shown a good significance of the linear model, 
seeming to suggest that a linear trend is present on the data, since the regression 
was highly statistically significant (p-value of the F -test lower than 0.001, and a R2 
equal to 0.642, see what follows), but we have performed an analysis of the residual 
of the regression, leading to remark that the residuals standard deviations is pro-
portional to the fitted values for all cities taken into account, since the ratio residu-
als standard deviations to mean of the fitted values is roughly constant, suggesting 
heteroscedasticity in the data, and hence, to adopt a logarithmic transformation to 
reduce heteroscedasticity and to provide more robust estimates. In view of these 
observations, we have used a logarithm transformation of all variables considered. 
Table 3 reports the estimates of the parameters of each variable taken into account, 
along with their p-values (in a nutshell, a p-value smaller than 0.05 indicates that the 
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variable is significant in the regression model), for both the Linear and Generalised 
Linear models. In addition, in order to assess the significance of the model, we have 
reported the coefficient of determination R2, along with its Adjusted version, that 
takes into account the number of variables and observation, and we can see that 
there is no difference between these two values. We have also reported the p-value 
of the F -test, that represents the probability to obtain a F-statistic value greater than 
the F-value of the model, under the null hypothesis that the regression is not sig-
nificant (in a nutshell, values smaller than 0.05 lead to reject this null hypothesis, 
hence confirming the significance of the model). For the sake of readability, p-val-
ues smaller than 0.05 are highlighted in bold.

Table 3   Predictor coefficients and p-values (values lower than 0.05 indicate that the corresponding pre-
dictor is statistically significant) obtained with linear regression and Generalized Linear Model with 
Gamma variance function and inverse link function, along with the main regression’s performance meas-
ures, obtained on the whole data

Variable name Linear model Generalized linear model

Coefficient p-values Coefficient p-values

Intercept − 1.047  < 0.01 − 1.270  < 0.01
Annual Revenue LTM (USD) 0.006  < 0.01  < 0.001  < 0.01
Occupancy Rate LTM 163.221  < 0.01  < 0.001 0.073
Number of Bookings LTM 0.311  < 0.01 0.014  < 0.01
Number of Reviews 0.071  < 0.01 0.005  < 0.01
Bedrooms 5.384  < 0.01 − 0.016 0.09
Bathrooms 7.361  < 0.01 − 0.127  < 0.01
Max Guests 0.497 0.001 0.002 0.70
Response Rate − 0.013 0.023 0.003  < 0.01
Security Deposit (USD) 0.009  < 0.01  < 0.001  < 0.01
Cleaning Fee (USD) 0.241  < 0.01 − 0.004  < 0.01
Extra People Fee (USD) 0.084  < 0.01 − 0.001  < 0.01
Minimum Stay − 0.0020 0.871  < 0.001 0.87
Count Reservation Days LTM − 1.191  < 0.01 0.026  < 0.01
Count Available Days LTM 0.692  < 0.01 − 0.011  < 0.01
Count Blocked Days LTM 0.150  < 0.01 0.019  < 0.01
Number of Photos 0.138  < 0.01  < 0.001  < 0.01
Airbnb Communication Rating 0.1559 0.696 − 0.002 0.866
Airbnb Accuracy Rating 1.4241  < 0.01 0.032 0.017
Airbnb Cleanliness Rating − 0.0607 0.889 − 0.023 0.026
Airbnb Checkin Rating 2.3285  < 0.01 − 0.009 0.501
Airbnb Location Rating − 3.0052  < 0.01 − 0.023 0.029
Statistics
R2 0.684 0.723
Adjusted R2 0.684 0.642
p-value of F-test  < 0.01  < 0.01
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We can see that almost all variables are significant in the regression, with some 
notable exceptions: the Cleanliness rating does not have significance on both mod-
els, suggesting that guests do not recognize the user-experience as criterion to an 
overnight stay on Airbnb. Also, the minimum stay indicated by the host has no effect 
on pricing, and this could be given by the low entity of cleaning fee, that could have 
a limited effect on the user experience: this aspect has to be investigated in further 
works. We remark anyhow that the number of variables significant in the linear 
model (19) is greater than the one related to the GLM (16), indicating that GLM 
may perform well using a fewer number of predictors: this goes in the same direc-
tion of the analysis of R2, which his higher when using GLM: furthermore, both 
models are significant according to the F-test, hence both methods reveal that it is 
possible to model the pricing exercise and to obtain satisfactory results by using 
standard tools as linear and generalized linear models: this seems to suggest that 
some regularities arise in the pricing mechanism, that, at least on the Netherlands, 
seems to be apt to be modelled when using both listings-related and historical-per-
formances data.

5.2.2 � Evaluation of predictions

In order to test the robustness of our approaches, following the approach by Angelini 
et al. (2008), we partitioned the data at hand into train and test (hold-out) accord-
ing to the 70/30 percent rule. This process has been repeated 30 times, in order to 
test our approaches over 30 different train-test partitions, and for each partition, the 
performance metrics have been assessed over the test set. Table 4 reports the main 
statistics of the R2 and the Mean Squared Error of each method over the 30 different 
test sets.

It is noteworthy that Random Forests exhibit superior performance, demonstrat-
ing low variability in results, as indicated by low standard deviations. They con-
sistently outperform individual decision trees. Interestingly, standard tools like 
Generalized Linear Models (GLMs) offer performances on par with more com-
plex black-box models such as neural networks. Linear models, although yielding 

Table 4   Main performance statistics for different methods of prices prediction employed on the instance 
containing all listings from the overall country

All measures are relative to the test sets

Variable name R2 MSE

Average STD Min Max Average STD Min

Random forest 0.76 0.04 0.71 0.79 8.85 2.89 6.96
Decision tree 0.63 0.52 0.21 0.91 9.34 3.05 7.41
Neural networks 0.71 0.15 0.62 0.88 3.12 5.01 2.91
Linear regression 0.64 0.23 0.51 0.72 9.12 3.25 8.43
GLM 0.71 0.19 0.64 0.78 9.01 2.77 8.61



1 3

Predicting Airbnb pricing: a comparative analysis of artificial… Page 17 of 25     30 

satisfactory results based on the introduced measures, exhibit the weakest perfor-
mance among the analyzed techniques.

An intriguing avenue for exploration involves comparing the results obtained for 
listings from the entire Netherlands with those from individual cities. Table 5 pre-
sents the R2 values obtained by the aforementioned techniques on a selected sam-
ple of cities in the Netherlands. Please note that, despite providing us with a handy 
evaluation of models, the assessment of the R2 score on the validation set should 
not be interpreted as an evaluation of the goodness-of-fit of models across cities. 
In general, the same observations from the previous paragraph hold: Random For-
ests demonstrate superior results, GLM performances are comparable to Neural 
Networks, and linear models, while satisfactory, lag behind the other techniques. 
However, some variations emerge in specific cities (Table 5). For instance, Neural 
Networks outperform Random Forests in various cities, including Leiden, Delft, and 
Eindhoven. Additionally, linear models exhibit stronger performances than GLMs in 
cities such as Leiden and Zwolle. Notably, Random Forests do not deliver satisfac-
tory results in the latter city.

A voting ensemble approach combining the prediction from multiple models 
(linear regression, random forests and neural networks) is then assessed. It simply 
amounts to averaging the individual predictions of different estimators to obtain a 
final prediction, in order to check whether improvements in the performance of indi-
vidual learners can be attained, using a straightforward combination of their predic-
tions. The results it yields are good, yet not clearly outperforming. This could be 
related to the negative impact of the linear regression model on the overall perfor-
mance of the ensemble learner, since it systematically underperforms other alterna-
tives. Consequently, we draw the following conclusions: the linear may be valuable 

Table 5   Main statistics for different methods of price prediction across different cities and the whole 
country

All measures are relative to the test sets

Listings from Random forests Neural networks Linear regression GLM Ensemble

Alphen aan Den Rijn 0.99 0.80 0.64 0.65 0.71
Amsterdam 0.78 0.76 0.72 0.75 0.89
Bussum 0.79 0.75 0.58 0.72 0.48
De Wolden 0.79 0.73 0.26 0.61 0.56
Delft 0.74 0.79 0.41 0.54 0.53
Eindhoven 0.62 0.71 0.39 0.59 0.59
Leiden 0.59 0.93 0.81 0.44 0.59
Rotterdam 0.72 0.45 0.55 0.60 0.63
Texel 0.65 0.70 0.63 0.69 0.79
The Hague 0.75 0.68 0.36 0.51 0.76
Tilburg 0.82 0.92 0.21 0.85 0.78
Vlieland 0.92 0.91 0.35 0.86 0.85
Zwolle 0.49 0.81 0.69 0.52 0.79
Netherlands 0.76 0.71 0.64 0.71 0.68
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for assessing the significance of different predictors, but for predictive tasks, a more 
effective strategy involves the combined use of diverse intelligent techniques. Addi-
tionally, our approach demonstrates efficiency, with the overall computational time 
below five minutes on a common computer architecture.

Given the diverse nature and tourist orientation of the cities under considera-
tion, an immediate comparison between them is not straightforward. However, it 
is worth noting that, on the one hand, cities of significant importance, albeit not 
exclusively specialized in tourism, such as Amsterdam, demonstrate commendable 
performance across all the models employed. On the other hand, medium-sized and 
less open-to-tourism cities, such as Delft, Eindhoven and The Hague, show superior 
performance in random forest and neural network models compared to their more 
traditional counterparts. Conducting further analyses on the potential implications 
of city typologies, their specialization in tourism, and the nature of tourist accom-
modation—whether traditional with hotels or non-traditional with rentals, even by 
non-professionals—could therefore be instrumental in understanding whether spe-
cific characteristics of cities are associated with optimal performance in a particular 
forecasting model.

Finally, we reconsider the role of newly introduced features from a machine 
learning point of view, by assessing each variable’s contribution based on Shap-
ley values (Lundberg and Lee 2017) and permutation importance (Breiman 2001), 
respectively, as shown in Figs. 1 and 2. Although both methods are model-agnostic, 
for illustrative purposes, we limit ourselves to gauging the effect w.r.t random for-
ests. First, observe that ratings and reviews have a limited impact on the prediction 

Fig. 1   Permutation feature importance based on random forests evaluations on test data. The size of the 
bars represents the importance of a feature, i.e. the increase in the prediction error of the model after the 
feature’s values are permuted
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performance of the model, whereas the financial features of the listings are by far 
the most relevant. The consequences of these observations are, at least, threefold: 
(i) we corroborate the evidence that the past users’ feedback, despite being highly 
visible to potential customers, has limited impact; (ii) similarly, the ratings provided 
on the website, regardless of accessibility to potential users, attain little importance; 
(iii) on the contrary, the last twelve months performance, along with other relevant 
fees, are critical for predictive purposes.

6 � Conclusion

In this article, we have devised various methods for predicting Airbnb prices, 
encompassing both conventional approaches (linear and generalized linear mod-
els) and Artificial Intelligence techniques (random forest, decision trees, and neu-
ral networks). Our analysis is grounded in real data sourced from the Netherlands, 
specifically focusing on all Airbnb listings active until September 2019. Distin-
guishing our study from others, we have incorporated the financial history of 
diverse rental offerings as part of the analyzed characteristics. Additionally, our 

Fig. 2   Shapley values (impact on model output) based on random forests evaluations on test data. The 
x-axis reports the Shapley values, while the colors denote the size of the features, according to the scale 
reported in the colorbar on the right of the plot (color figure online)
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investigation extends beyond individual cities or regions, encompassing a broader 
spectrum of cities across the Netherlands.

Results show that Artificial Intelligence based methods have more robust pre-
dicting skills and are less prone to over-fitting, and they outperform more tradi-
tional approaches over the introduced performance metrics. On the other hand, 
results obtained by traditional methods are easier to interpret, also in view of 
determining the significance of the predictors in the predicting exercise. However, 
we have remarked good predicting skills of all methods, and this is important 
with respect to the specific research question we have devised in the introduction: 
the non-professional pricing mechanism applied by many Airbnb hosts led to 
some doubts about the efficiency (and suitability) of using predicting price tools, 
due to the fact that Airbnb price could be determined in a non-professional way: 
in our contribution, instead, we have seen that linear models show good predict-
ing skills, determining a good deterministic mathematical relation between price 
and a set of predictors, but also that Artificial Intelligence based methods are 
not sensitive to this consideration, and that they are able to perform a successful 
pricing exercise over the data at hand. In both cases, variables that represent the 
listing’s (and host’s) historic performances, that have been somewhat neglected 
so far, have a significant prediction impact, and their use, along with the listing 
features, location-based attributes, social- and platform-based- indicators can be 
successfully used to predict Airbnb prices. Further analyses of Airbnb pricing 
should deal with some of the limitations of our work. For instance, in this contri-
bution, a specific array of models has been considered; a special focus on Deep 
Learning would allow a better understanding of the potential of Artificial Intel-
ligence in this context and possibly improve prediction accuracy. Further efforts 
should focus on boosting algorithms that are known to perform particularly well 
on tabular data, such as LightGBM or XGBoost. Moreover, our analysis is lim-
ited to the Netherlands; hence, our conclusions rely on the assumption that our 
sample constitutes a good representation of the universe of Airbnb listings. At 
this stage, cross-country heterogeneity is a feature that we do not control for here, 
and that should be taken into account for future developments. Possible future 
works might include an adaptive selection of the computational tool to be used 
during the prediction exercise, on the basis of performance metrics found during 
previous applications, as suggested by Filograsso and di Tollo (2023): of course, 
this will necessitate the definition of some metrics to be used to this extent.

Furthermore, a joint use of the techniques investigated in this contribution should 
be encouraged, through the definition of suitable aggregation operators, to provide 
a unified framework, able to model price and give some recommendations to non-
professional hosts.
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